We describe the Phase II HapMap, which characterizes over 3.1 million human single nucleotide polymorphisms (SNPs) genotyped in 270 individuals from four geographically diverse populations and includes 25-35% of common SNP variation in the populations surveyed. The map is estimated to capture untyped common variation with an average maximum r 2 of between 0.9 and 0.96 depending on population. We demonstrate that the current generation of commercial genome-wide genotyping products captures common Phase II SNPs with an average maximum r 2 of up to 0.8 in African and up to 0.95 in non-African populations, and that potential gains in power in association studies can be obtained through imputation. These data also reveal novel aspects of the structure of linkage disequilibrium. We show that 10-30% of pairs of individuals within a population share at least one region of extended genetic identity arising from recent ancestry and that up to 1% of all common variants are untaggable, primarily because they lie within recombination hotspots. We show that recombination rates vary systematically around genes and between genes of different function. Finally, we demonstrate increased differentiation at non-synonymous, compared to synonymous, SNPs, resulting from systematic differences in the strength or efficacy of natural selection between populations. The initial HapMap Project data had a central role in the development of methods for the design and analysis of genome-wide association studies. These advances, alongside the release of commercial platforms for performing economically viable genome-wide genotyping, have led to a new phase in human medical genetics. Already, large-scale studies have identified novel loci involved in multiple complex diseases 4, 5 . In addition, the HapMap data have led to novel insights into the distribution and causes of recombination hotspots 3, 6 , the prevalence of structural variation 7, 8 and the identity of genes that have experienced recent adaptive evolution 3, 9 . Because the HapMap cell lines are publicly available, many groups have been able to integrate their own experimental data with the genome-wide SNP data to gain new insight into copy-number variation 10 , the relationship between classical human leukocyte antigen (HLA) types and SNP variation 11 , and heritable influences on gene expression [12] [13] [14] . The ability to combine genome-wide data on such diverse aspects of genetic variation with molecular phenotypes collected in the same samples provides a powerful framework to study the connection of DNA sequence to function.
In Phase II of the HapMap Project, a further 2.1 million SNPs were successfully genotyped on the same individuals. The resulting HapMap has an SNP density of approximately one per kilobase and is estimated to contain approximately 25-35% of all the 9-10 million common SNPs (minor allele frequency (MAF) $ 0.05) in the assembled human genome (that is, excluding gaps in the reference sequence alignment; see Supplementary Text 1), although this number shows extensive local variation. This paper describes the Phase II resource, its implications for genome-wide association studies and additional insights into the fine-scale structure of linkage disequilibrium, recombination and natural selection.
Construction of the Phase II HapMap
Most of the additional genotype data for the Phase II HapMap were obtained using the Perlegen amplicon-based platform 15 . Briefly, this platform uses custom oligonucleotide arrays to type SNPs in DNA segmentally amplified via long-range polymerase chain reaction (PCR). Genotyping was attempted at 4,373,926 distinct SNPs, which corresponds, with exceptions (see Methods), to nearly all SNPs in dbSNP release 122 for which an assay could be designed. Additional submissions were included from the Affymetrix GeneChip Mapping Array 500K set, the Illumina HumanHap100 and HumanHap300 SNP assays, a set of ,11,000 non-synonymous SNPs genotyped by Affymetrix (ParAllele) and a set of ,4,500 SNPs within the extended major histocompatibility complex (MHC) 11 . Genotype submissions were subjected to the same quality control (QC) filters as described previously (see Methods) and mapped to NCBI build 35 (University of California at Santa Cruz (UCSC) hg17) of the human genome. The re-mapping of SNPs from Phase I of the project identified 21, 177 SNPs that had an ambiguous position or some other feature indicative of low reliability; these are not included in the filtered Phase II data release. All genotype data are available from the HapMap Data Coordination Center (http://www.hapmap.org) and dbSNP (http:// www.ncbi.nlm.nih.gov/SNP); analyses described in this paper refer to release 21a. Three data sets are available: 'redundant unfiltered' contains all genotype submissions, 'redundant filtered' contains all submissions that pass QC, and 'non-redundant filtered' contains a single QC1 submission for each SNP in each analysis panel.
The QC filters remove SNPs showing gross errors. However, it is also important to understand the magnitude and structure of more subtle genotyping errors among SNPs that pass QC. We therefore carried out a series of analyses to assess the influence of the long-range PCR amplicon structure on genotyping error, the concordance rates between genotype calls from different genotyping platforms and between those platforms and re-sequencing assays, as well as the rates of false monomorphism and mis-mapping of SNPs (see Supplementary Text 2, Supplementary Figs 1-3 and Supplementary Tables 1-4) . We estimate that the average per genotype accuracy is at least 99.5%. However, there are higher rates of missing data and genotype discrepancies at non-reference alleles, with some clustering of errors resulting from the amplicon design and a few incorrectly mapped SNPs. Table 1 shows the numbers of SNPs attempted and converted to QC1 SNPs in each analysis panel (Supplementary Table 5 shows a breakdown by each major submission). Haplotypes and missing data were estimated for each analysis panel separately using both trio information and statistical methods based on the coalescent model (see Methods). To enable cross-population comparisons, a consensus data set was created consisting of 3,107,620 SNPs that were QC1 in all analysis panels and polymorphic in at least one analysis panel. The equivalent figure from Phase I was 931,340 SNPs. Unless stated otherwise, all analyses have been carried out on the consensus data set. An additional set of haplotypes was created for those SNPs in the consensus where a putative ancestral state could be assigned by comparison of the human alleles to the orthologous position in the chimpanzee and rhesus macaque genomes.
The variation in SNP density within the Phase II HapMap is shown in Fig. 1 . On average there are 1.14 genotyped polymorphic SNPs per kilobase (average spacing is 875 base pairs (bp)) and 98.6% of the assembled genome is within 5 kb of the nearest polymorphic SNP. Still, there is heterogeneity in genotyped SNP density at both broad (Fig. 1a) and fine (Fig. 1b) scales. Furthermore, there are systematic changes in genotyped SNP density around genomic features including genes (Fig. 1c) .
The Phase II HapMap differs from the Phase I HapMap not only in SNP spacing, but also in minor allele frequency distribution and patterns of linkage disequilibrium ( Supplementary Fig. 4 ). Because the criteria for choosing additional SNPs did not include consideration of SNP spacing or preferential selection for high MAF, the SNPs added in Phase II are, on average, more clustered and have lower MAF than the Phase I SNPs. Because MAF predictably influences the distribution of linkage disequilibrium statistics, the average r 2 at a given physical distance is typically lower in Phase II than in Phase I; conversely, the jD9j statistic is typically higher (data not shown). One notable consequence is that the Phase II HapMap includes a better representation of rare variation than the Phase I HapMap.
The increased resolution provided by Phase II of the project is illustrated in Fig. 2 . Broadly, an additional SNP added to a region shows one of three patterns. First, it may be very similar in distribution to SNPs present in Phase I. Second, it may provide detailed resolution of haplotype structure (for example, a group of chromosomes with identical local haplotypes in Phase I can be shown in Phase II to carry multiple related haplotypes). Third, the novel SNP (or group of added SNPs) may reveal previously missed recombinant haplotypes. The extent to which each type of event occurs varies among populations and chromosomal regions. The greatest gains in resolution, in terms of identifying new recombinant haplotypes and haplotype groupings, occur in YRI. Consequently, the Phase II HapMap provides increased resolution in the estimated fine-scale genetic map and improved power to detect and localize recombination hotspots (Fig. 2b) .
The use of the Phase II HapMap in association studies
The increased SNP density of the Phase II HapMap has already been extensively exploited in genome-wide studies of disease association.
In this section, we quantify the gain in resolution and outline how the HapMap data can be used to improve the power of association studies. Improved coverage of common variation. We previously predicted that the vast majority of common SNPs would be correlated to Phase II HapMap SNPs by extrapolation from the ten HapMap ENCODE regions 3 . Using the actual Phase II marker spacing and frequency distributions (Table 2) , we repeated the simulations and estimate that Phase II HapMap marker sets capture the overwhelming majority of all common variants at high r increased density of the Phase II HapMap is most notable in YRI (in the Phase I HapMap the mean maximum r 2 was 0.67). Similar results are found if a threshold of r 2 $ 0.8 is used to determine whether an SNP is captured ( Table 2) . As expected, very common SNPs with MAF . 0.25 are captured extremely well (mean maximum r 2 of 0.93 in YRI to 0.97 in CEU), whereas rarer SNPs with MAF , 0.05 are less well covered (mean maximum r 2 of 0.74 in CHB1JPT to 0.76 in YRI). The latter figure is probably an overestimate because it is based on lower frequency SNPs discovered via re-sequencing 48 HapMap individuals, and does not include a much larger number of very rare SNPs. We also assessed the increase in coverage provided by using two-SNP haplotypes as proxies for SNPs that are poorly captured by single SNPs 16 (Table 2 ). These two-SNP haplotypes lead to a modest increase in mean maximum r 2 of 0.01 to 0.03 across all allele frequencies. However, in some regions, particularly where marker density is low, gains from multi-marker and imputation approaches in practical situations can be substantial (see below).
Currently, the Phase II HapMap provides the most complete available resource for selecting tag SNPs genome-wide. Using a simple pairwise tagging approach, we find that 1.09 million SNPs are required to capture all common Phase II SNPs with r 2 $ 0.8 in YRI, with slightly more than 500,000 required in CEU and CHB1JPT (Table 3) . These numbers are approximately twice those required to capture SNPs in the Phase I HapMap (which has onethird as many SNPs). The number of SNPs required to achieve perfect tagging (r 2 5 1.0) in each analysis panel is almost double that required to achieve the r 2 $ 0.8 threshold. It becomes increasingly expensive to improve the coverage afforded by tags from the Phase I and, now, the Phase II HapMap, because additional tag SNPs are unlikely to capture large groups of additional SNPs.
Phase II HapMap and genome-wide association studies. Although the efficient choice of tag SNPs is one use of the Phase II HapMap, for most disease studies the tag SNPs genotyped will be primarily determined by the choice of a commercial platform for the experiment 17, 18 . Using Phase II data, we estimated the coverage of several available products on which genome-wide association studies are already underway (Table 4 ). Similar to earlier estimates 17, 18 , these products typically perform well in CEU and CHB1JPT, and some also perform well in YRI. For example, arrays of approximately 500,000 SNPs capture 68-88% (depending on selection method) of all HapMap Phase II variation with r 2 $ 0.8 in CEU. SNPs that are not included in the Phase II HapMap will be covered more poorly because most genotyping products were designed using HapMap data.
HapMap data have several additional roles in the analysis of disease-association studies using fixed marker sets. For example, the high-quality haplotype information within the Phase II HapMap can be used to aid the phasing of genotype data from new samples because additional haplotypes are likely to be locally very similar to at least one haplotype in the Phase II data. By a similar argument, missing genotypes can potentially be inferred through comparison to the Phase II haplotypes. Genotypes may be missing either because of genotyping failure or because the SNP was not assayed within the experiment. Therefore, the HapMap haplotypes provide a way of in silico genotyping Phase II SNPs that were not included in the experiment.
Although there is no clear consensus yet about the role of SNP imputation in the analysis of genome-wide association studies, high imputation accuracy can be achieved using model-based methods [19] [20] [21] [22] [23] and can lead to an increase in power 23, 24 . To illustrate the possibilities, in the 500-kb HapMap ENCODE region on 8q24.11 ( Supplementary Fig. 5 ) we evaluated imputation of Phase II SNPs from the Affymetrix GeneChip 500K array. To do this, we used a 
to a typed SNP in the region is 0.59 compared to an average genotype prediction r 2 of 0.86. Furthermore, whereas 44% of such SNPs in the region have no single-marker proxy with r 2 $ 0.5, fewer than 6% of the SNPs have a genotype imputation accuracy of r 2 , 0.5, establishing that accurate imputation can be achieved even in the population where linkage disequilibrium is the weakest.
New insights into linkage disequilibrium structure
The paradigm underlying association studies is that linkage disequilibrium can be used to capture associations between markers and nearby untyped SNPs. However, the Phase II HapMap has revealed several properties of linkage disequilibrium that illustrate the full complexity of empirical patterns of genetic variation. Two striking features are the long-range similarity among haplotypes, and SNPs that show almost no linkage disequilibrium with any other SNP. The extent of recent common ancestry and segmental sharing. A simplified view of linkage disequilibrium is that genetic variation is organized in relatively short stretches of strong linkage disequilibrium (haplotype blocks), each containing only a few common haplotypes and separated by recombination hotspots across which little association remains 25 . Although this view has heuristic value, if chromosomes share a recent common ancestor then similarity between chromosomes can extend over considerable genetic distance and span multiple recombination hotspots 26 . The extent of such recent ancestry in the four populations surveyed here has not been characterized previously. Therefore we identified stretches of identity between pairs of chromosomes, both within and across individuals, reflecting autozygosity and identity-by-descent (IBD) (Fig. 3a) . After first checking for stratification within each analysis panel (see Supplementary Text 3; none was found for YRI, CEU and JPT, and only small stratification was found for CHB), we calculated genome-wide probabilities of sharing 0, 1 or 2 chromosomes identical by descent for each pair of individuals (see Supplementary Text 4) . In addition to identifying a few close relationships (as reported in HapMap Phase I 3 ), we estimate that, on average, any two individuals from the same population share approximately 0.5% of their genome through recent IBD (Table 5) . Using a hidden Markov model approach 27 (see Supplementary Text 5), we searched for such shared segments over 1-megabase (Mb) long and containing at least 50 SNPs, after first pruning the list of SNPs to remove local linkage disequilibrium. We find that 10-30% of pairs in each analysis panel share regions of extended identity resulting from sharing a common ancestor within 10-100 generations. These regions typically span hundreds of SNPs and can extend over tens of megabases (Table 5) .
Similarly, extended stretches of homozygosity are indicative of recent inbreeding within populations 28, 29 . Although short runs of homozygosity are commonplace, covering up to one-third of the genome and showing population differences reflective of ancient linkage disequilibrium patterns (Table 5 and Fig. 3b ), very long homozygous runs exist that are clearly distinct from this process. Including two JPT individuals who have unusually high levels of homozygosity (NA18987 and NA18992) and one CEU individual (NA12874), we identified 79 homozygous regions over 3 Mb in 51 individuals, with many segments extending over 10 Mb (Supplementary Tables 7 and 8 ). Segments intersecting with suspected deletions were first removed from the analysis (Supplementary Text 6) .
In studies of rare mendelian diseases, the extended haplotype sharing surrounding recent mutations, usually with a frequency of much less than 1%, has been exploited to great advantage through homozygosity mapping 30, 31 and haplotype sharing 32 methods. In studies of common disease, extended haplotype sharing among patients potentially offers a route for identifying rare variants (MAF in the range of 1-5%) of high penetrance 33, 34 , which tend to be poorly captured through single-marker association with genome-wide arrays. To illustrate the idea, we identified SNPs where only two copies of the minor allele are present (referred to as '2-SNPs'), which have minor allele frequencies of 1-2%. We find that these are enriched approximately sevenfold (Table 5) a, Three pairs of individuals with varying levels of identity-by-descent (IBD) sharing illustrate the continuum between very close and very distant relatedness and its relation to segmental sharing. The three pairs are: high sharing (NA19130 and NA19192 from YRI; previously identified as seconddegree relatives 3 ), moderate sharing (NA06994 and NA12892 from CEU) and low sharing (NA12006 and NA12155 from CEU). Along each chromosome, the probability of sharing at least one chromosome IBD is plotted, based on the HMM method described in Supplementary Text 5. Red sections indicate regions called as segments: in general, the proportion of the genome in segments is similar to each pair's estimated global relatedness. b, The extent of homozygosity on each chromosome for each individual in each analysis panel. Excludes segments ,106 kb and chromosome X in males. Asterisk, NA12874, length 5 107 Mb. YRI, green; CEU, orange; CHB, blue; JPT, magenta. To identify factors influencing the location of untaggable SNPs we considered their distribution relative to segmental duplications, repeat sequence, CpG dinucleotide density, regions of low SNP density, unusual allele frequency distribution, linkage disequilibrium patterns and recombination hotspots. We find no evidence for an enrichment of untaggable SNPs in segmental duplications or repeat sequence, as would be expected from mis-mapping of SNPs (2% and 35% of common SNPs lie in segmental duplications and repeat sequence, respectively, compared to 1.8% and 29%, respectively, of untaggable SNPs). Untaggable SNPs are slightly enriched in CpG islands (0.37% of common SNPs are in CpG islands compared to 1.4% of untaggable SNPs) and have slightly reduced MAF (Fig. 4) . Most notably, untaggable SNPs are strongly enriched in regions of low linkage disequilibrium, particularly in recombination hotspots. To test whether these untaggable SNPs are themselves responsible for the identification of recombination hotspots, we eliminated them from 100 randomly chosen recombination hotspots and reassessed the evidence for a local peak in recombination. In all cases we still find evidence for a considerable increase in local recombination rate.
Over 50% of all untaggable SNPs lie within 1 kb of the centre of a detected recombination hotspot and over 90% are within 5 kb. Because only 3-4% of all SNPs lie within 1 kb from the centre of a detected recombination hotspot (16% are within 5 kb), this constitutes a marked enrichment and implies that at least 10% of all SNPs within 1 kb of hotspots are untaggable. The implication for association mapping is that when a region of interest contains a known hotspot it may be prudent to perform additional sequencing within the hotspot. Many of the variants identified in this manner will be untaggable SNPs that should be genotyped directly in association studies. From a biological perspective, the proximity of untaggable SNPs to the centre of hotspots suggests that they may lie within gene conversion tracts associated with the repair of double-strand breaks. Double-strand breaks are thought to resolve as crossover events only 5-25% of the time 35 . Consequently, SNPs lying near the centre of a hotspot are liable to be included within gene conversion tracts and will experience much higher effective recombination rates than predicted from crossover rates alone.
The distribution of recombination
In the Phase II HapMap we identified 32,996 recombination hotspots 3, 6, 36 (an increase of over 50% from Phase I) of which 68% localized to a region of #5 kb. The median map distance induced by a hotspot is 0.043 cM (or one crossover per 2,300 meioses) and the hottest identified, on chromosome 20, is 1.2 cM (one crossover per 80 meioses). Hotspots account for approximately 60% of recombination in the human genome and about 6% of sequence ( Supplementary Fig. 6 ). We do not find marked differences among chromosomes in the concentration of recombination in hotspots, which implies that obligate differences in recombination among chromosomes of different size result from differences in hotspot density and intensity 6 . The increased number of well-defined hotspots allows us to understand better the influence of genomic features on the distribution of recombination. Previous work identified specific DNA motifs that influence hotspot location 6, 37 as well as additional influences of local sequence context including the location of genes 6 and base composition 38 . The Phase II HapMap provides the resolution to separate these influences. Figure 5a shows the distribution of recombination, hotspot motifs and base composition around genes. Within the transcribed region of genes there is a marked decrease in the estimated recombination rate. However, 59 of the transcription start site is a peak in recombination rate with a corresponding local increase in the density of hotspot motifs. This region also shows a marked increase in G1C content, reflecting the presence of CpG islands in promoter regions. There is also an asymmetry in recombination rate across genes, with recombination rates 39 of transcribed regions being elevated (as are motif density and G1C content) compared to regions 59 of genes. Studies in yeast have previously suggested an association between promoter regions and recombination hotspots 39 . Our results suggest a significant, although weak, relationship between promoters and recombination in humans. Nevertheless, the vast majority of hotspots in the human genome are not in gene promoters. The association may reflect a general association between regions of accessible chromatin and crossover activity. Systematic differences in recombination rate by gene class. Previous work has demonstrated differences in the magnitude of linkage disequilibrium, as measured at a megabase scale, among genes associated with different functions 3, 40 . Using the fine-scale genetic map estimated from the Phase II HapMap data we can quantify local increases in recombination rate associated with genes of different function using the Panther gene ontology annotation 41 . Average recombination rates vary more than sixfold among such gene classes (Fig. 5b) , with defence and immunity genes showing the highest rates (1.9 cM Mb 21 ) and chaperones showing the lowest rates (0.3 cM Mb 21 ). Gene functions associated with cell surfaces and external functions tend to show higher recombination rates (immunity, cell adhesion, extracellular matrix, ion channels, signalling) whereas those with lower recombination rates are typically internal to cells (chaperones, ligase, isomerase, synthase). Controlling for systematic differences between gene classes in base composition and gene clustering, the differences between groups remain significant. regions surrounding untaggable SNPs in terms of: a, the density of polymorphic SNPs within the consensus data set; b, mean minor allele frequency of polymorphic SNPs; c, maximum r 2 of SNPs to any others in the Phase II data; d, the density of estimated recombination hotspots (defined from hotspot centres); and e, the estimated mean recombination rate. YRI, green; CEU, orange; CHB1JPT, purple.
We also find that the density of hotspot-associated DNA motifs varies systematically among gene classes and that variation in motif density explains over 50% of the variance in recombination rate among gene functions ( Supplementary Fig. 7) .
These results pose interesting evolutionary questions. Because recombination involves DNA damage through double-strand breaks, hotspots may be selected against in some highly conserved parts of the genome. In regions exposed to recurrent selection (for example, from changes in environment or pathogen pressure) it is plausible that recombination may be selected for. However, because the finescale structure of recombination seems to evolve rapidly 42, 43 it will be important to learn whether patterns of recombination rate heterogeneity among molecular functions are conserved between species.
Natural selection
The Phase I HapMap data have been used to identify genomic regions that show evidence for the influence of adaptive evolution 3, 9 , primarily through extended haplotype structure indicative of recent positive selection. Using two established approaches 9, 44 , we identified approximately 200 regions with evidence of recent positive selection from the Phase II HapMap (Supplementary Table 9 ). These regions include many established cases of selection, such as the genes HBB and LCT, the HLA region, and an inversion on chromosome 17. Many other regions have been previously identified in HapMap Phase I including LARGE, SYT1 and SULT1C2 (previously called SULT1C1). A detailed description of the findings from the Phase II HapMap is published elsewhere 45 . The Phase II HapMap also provides new insights into the forces acting on SNPs in coding regions. Effort was made to genotype as many known or putative non-synonymous SNPs as possible. Of the 56,789 non-synonymous SNPs identified in dbSNP release 125, attempts were made to genotype 36,777, which resulted in 17,427 that are QC1 in all three analysis panels and polymorphic. We selected only those SNPs for which ancestral allele information was available (approximately 90%). For comparison, we used patterns of variation at synonymous SNPs. As previously reported 46, 47 , nonsynonymous SNPs show an increase in frequency of rare variants and a slight decrease of common variants compared to synonymous SNPs, compatible with widespread purifying selection against nonsynonymous mutations (Fig. 6a) . In contrast, we find no excess of high-frequency derived non-synonymous mutations, as might be expected if positive selection were widespread.
Natural selection also influences the extent to which allele frequencies differ between populations, not only through local selective pressures that drive alleles to different frequencies 48, 49 , but also through local variation in the strength of purifying selection. We compared the distribution of population differentiation (as measured by F ST , the proportion of total variation in allele frequency that is due to differences between populations) at non-synonymous SNPs and synonymous SNPs matched for allele frequency (Fig. 6b) . We find a systematic bias for non-synonymous SNPs to show stronger differentiation than synonymous SNPs. Among SNPs showing high levels of differentiation there is a strong tendency for the derived allele to be at higher frequency in non-YRI populations. Among SNPs with F ST . 0.5 between CEU and YRI, in 79% and 75% of non-synonymous and synonymous variants, respectively, the derived allele is more common in CEU. Although this difference between non-synonymous and synonymous SNPs is not significant, among the eight exonic SNPs with F ST . 0.95, all are non-synonymous. We see no such bias towards increased MAF in CEU at high-differentiation SNPs, indicating that SNP ascertainment is unlikely to explain the difference. Rather, this effect can largely be explained by more genetic drift in the non-African populations, as confirmed by simulations (data not shown). In addition, reduced selection against deleterious mutations and local adaptation within non-African populations will both act to increase the frequency of derived variants in non-African populations.
To assess the evidence for widespread local adaptation influencing non-synonymous mutations we considered the distribution of integrated extended haplotype homozygosity (iEHH) statistics 9, 44 ( Fig. 6c) . We find no evidence for systematic differences between non-synonymous and synonymous SNPs, suggesting that local adaptation does not explain their higher differentiation. Although hitch-hiking effects will tend to obscure differences between selected Significance level (P) Note the sharp drop in recombination rate within the transcription unit, the local increase around the transcription start site and the broad decrease away from the 39 end of genes. These patterns only partly reflect the distribution of G1C content and the hotspot-associated motif, suggesting that additional factors influence recombination rates around genes. b, Recombination rates within genes of different molecular function 41 . The chart shows the increase or decrease for each category compared to the genome average. P values were estimated by permutation of category; numbers of genes are shown in parentheses.
and neutral SNPs, these results are consistent with a scenario in which the higher differentiation of non-synonymous SNPs is primarily driven by a reduction in the strength or efficacy of purifying selection in non-African populations.
Discussion and prospects
The International HapMap Project has been instrumental in making well-powered, large-scale, genome-wide association studies a reality. It is now clear that the HapMap can be a useful resource for the design and analysis of disease association studies in populations across the world [50] [51] [52] [53] . Furthermore, the decreasing costs and increasing SNP density of standard genotyping panels mean that the focus of attention in disease association studies is shifting from candidate gene approaches towards genome-wide analyses. Alongside developments in technology, new statistical methodologies aimed at improving aspects of analysis, such as genotype calling 21, 54 , the identification of and correction for population stratification and relatedness 55, 56 , and imputation of untyped variants [21] [22] [23] , are increasing the accuracy and reliability of genome-wide association studies.
Within this context, it is important to consider the future of the HapMap Project. Currently, additional samples from the populations used to develop the initial HapMap, as well as samples from seven additional populations (Luhya in Webuye, Kenya; Maasai in Kinyawa, Kenya; Tuscans in Italy; Gujarati Indian in Houston, Texas, USA; Denver (Colorado) metropolitan Chinese community; people of Mexican origin in Los Angeles, California, USA; and people with African ancestry in the southwestern United States; http://ccr.coriell. org/Sections/Collections/NHGRI/?SsId511) will be sequenced and genotyped extensively to extend the HapMap, providing information on rarer variants and helping to enable genome-wide association studies in additional populations. There are also ongoing efforts by many groups to characterize additional forms of genetic variation, such as structural variation, and molecular phenotypes in the HapMap samples. Finally, in the future, whole-genome sequencing will provide a natural convergence of technologies to type both SNP and structural variation. Nevertheless, until that point, and even after, the HapMap Project data will provide an invaluable resource for understanding the structure of human genetic variation and its link to phenotype.
METHODS SUMMARY
Of approximately 6.9 million SNPs in dbSNP release 122 approximately 4.7 million were selected for genotyping by Perlegen. 2.5 million SNPs were excluded because no assay could be designed and a further 350,000 were excluded for other reasons (see Methods). Perlegen performed genotyping using custom highdensity oligonucleotide arrays as previously described 15 . Additional genotype submissions are described in the text. QC filters were applied as previously described 3 . Where multiple submissions met the QC criteria the submission with the lowest missing data rate was chosen for inclusion in the non-redundant filtered data set. Haplotypes were estimated from genotype data as described previously 3 . Ancestral states at SNPs were inferred by parsimony by comparison to orthologous bases in the chimpanzee (panTro2) and rhesus macaque (rheMac2) assemblies. Recombination rates and the location of recombination hotspots were estimated as described previously 3 . Additional details can be found in the Methods section and the Supplementary Information. The data described in this paper are in release 21 of the International HapMap Project. For each of ten classes of derived allele frequency (averaged across analysis panels) the fraction of nonsynonymous (red) and synonymous (green) variants in that class that show F ST . 0.5 is shown. Note the strong enrichment of non-synonymous SNPs among SNPs of moderate to high derived-allele frequency (asterisk, P , 0.05; double asterisk, P , 0.01). c, Lack of enrichment of nonsynonymous SNPs among those showing long-range haplotype structure. The integrated extended haplotype homozygosity (iEHH) statistic 9 was calculated for non-synonymous and synonymous SNPs in each analysis panel (YRI, green; CEU, orange; CHB1JPT, purple). For each of ten derived allele frequency classes, the proportion of non-synonymous SNPs among those showing the 5% most extreme statistics (within the allele frequency class) is shown (points). Also shown is the proportion of non-synonymous SNPs among SNPs in the coding sequence for each frequency class (dotted lines). Differences between synonymous and non-synonymous SNPs are tested for using a contingency table test.
